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Abstract

The rapid growth of graph data creates significant scalability chal-
lenges as most graph algorithms scale quadratically with size. To
mitigate these issues, Graph Condensation (GC) methods have
been proposed to learn a small graph from a larger one, acceler-
ating downstream tasks. However, existing approaches critically
assume a static training set, which conflicts with the inherently
dynamic and evolving nature of real-world graph data. This work
introduces a novel framework for continual graph condensation,
enabling efficient updates to the distilled graph that handle data
streams without requiring costly retraining. This limitation leads to
inefficiencies when condensing growing training sets. In this paper,
we introduce GECC (Graph Evolving Clustering Condensation), a
scalable graph condensation method designed to handle large-scale
and evolving graph data. GECC employs a traceable and efficient
approach by performing class-wise clustering on aggregated fea-
tures. Furthermore, it can inherit previous condensation results as
clustering centroids when the condensed graph expands, thereby
attaining an evolving capability. This methodology is supported by
robust theoretical foundations and demonstrates superior empirical
performance. Comprehensive experiments including real world
scenario show that GECC achieves better performance than most
state-of-the-art graph condensation methods while delivering an
around 1000x speedup on large datasets.
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Table 1: Condensation time on evolving graphs, reported as
a multiple of GNN training time (21.37 s) on uncondensed
graphs (Reddit, 232,965 nodes) in the final time step. The
GNN training time on condensed graphs is 1.1s.

Method Ty T T3 Ty Ts

GCondX 75%x  112x  149x  104x  185x
GCondX-Init 75 89x  107x 120x  134x
GCondX-Grow 75x 94x  112x 101x 119x

Mining V.1 (KDD 2026), August 9—13, 2026, Jeju Island, Republic of Korea. ACM,
New York, NY, USA, 19 pages. https://doi.org/10.1145/3770854.3780217

1 Introduction

Graph-structured data has become indispensable in various do-
mains, including social networks [5], epidemiology [24], and rec-
ommendation systems [37]. The ability of graphs to represent com-
plex relationships and dependencies has propelled their adoption
in machine learning, especially with the advent of graph neural
networks (GNNs) [3]. However, the exponential growth of real-
world graph datasets presents significant computational challenges,
as the cost of training GNNs increases with the number of nodes
and edges [15, 17]. To address this, graph condensation (GC) tech-
niques [18, 19, 34, 38, 41, 42] have been developed, which aim to
produce significantly smaller yet information-rich graphs that accel-
erate GNN training. For example, GCond [19] condenses the Flickr
dataset to 0.1% of its original size while preserving 99.8% of the
original accuracy on node classification. These condensed graphs
not only save significant storage space and transmission bandwidth,
but also enhance the efficiency of retraining neural networks in
many critical applications such as continual learning [23].

Despite the promise, existing GC methods face three significant
limitations that limit their practical utility in real-world scenarios.

(a) High Computational Overhead: Most GC methods en-
tail a computationally intensive condensation process, marked by
repeated gradient calculations and updates. This process closely
resembles full GNN training, creating a paradox as it contradicts
the primary objective of GC methods to enhance the efficiency of
GNN training. For instance, gradient matching techniques [18, 19]
require consistent alignment of GNN gradients across successive
iterations. Similarly, trajectory matching methods [41, 42] neces-
sitate the alignment of GNN parameters at various stages during
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the training process. These methods inherently demand signifi-
cant GNN training and gradient processing, thus slowing down the
procedure as the size of graph datasets expands.

(b) Challenges with Evolving Graphs: Existing GC methods
are designed for static graphs and overlook the evolving nature
of real-world graphs. In practice, graphs evolve over time, with
nodes, edges, or attributes being added, removed, or modified. Ex-
isting graph condensation (GC) methods require re-running the
entire condensation process from scratch whenever the training
set changes, since modifications affect every synthetic node. More-
over, while synthetic graphs are expected to grow proportionally
with the original graphs, an effective strategy for adapting to this
growth is currently lacking. In Table 1, we report the relative con-
densation times for evolving graphs on the Reddit dataset, using
GCondX [19] as a representative example. We compare three vari-
ants: (i) GCondX: Performs condensation from scratch at each time
step. (ii) GCondX-Init: Retains synthetic nodes from the previous
time step as initialization, updating all nodes during the conden-
sation process. (iii) GCondX-Grow: Freezes the synthetic nodes
from the previous time step and concatenate new synthetic nodes
to grow the condensed graph. The table indicates that the con-
densation process requires over 100X more time than the GNN
training on the uncondensed graph. This substantial computational
overhead suggests that current GC methods may not be practical
for evolving graphs. Even though simple evolving strategies can
reduce marginal time, the cost remains significantly higher than
that of GNN training, underscoring the urgent need for a novel GC
method that can efficiently handle graph evolution.

(c) Lack of Traceability: Many GC methods synthesize con-
densed graphs without explicitly establishing a connection between
the nodes in the condensed graph and those in the original graph.
This lack of explicit connections obscures the contribution of each
original node to each condensed node, diminishing the traceabil-
ity of the condensation process. Although these condensed nodes
might be informative to GNN models, discerning their real-world
semantic meanings can be challenging to humans. This poor trace-
ability can significantly limit the application of GC in sectors where
clarity, comprehensive data explanations, and transparent decision-
making are crucial. Also, with traceability, users can manipulate the
condensed graph alongside the original one—for example, easily
filtering low-quality data when the corresponding original nodes
exhibit poor quality.

To tackle the three critical challenges all together, we introduce
a novel framework called Graph Evolving Clustering Condensation
(GECC). We begin by refining our objectives for graph conden-
sation and establishing theoretical upper bounds that clarify the
connection between graph condensation and clustering. This con-
nection enables us to perform condensation efficiently without the
costly gradient calculations needed for traditional GNN training.
Specifically, we cluster propagated node features into partitions,
where centroids serve as the condensed node features at each time
step. Additionally, this method adapts well to evolving, expanding
graphs through incremental clustering, using centroids from pre-
vious time steps as initializations for subsequent steps. Notably,
GECC enhances traceability by establishing a clear correspondence
between condensed and original nodes, offering deeper insights
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into how condensed nodes encapsulate information from the actual
graph. Our contributions are outlined as follows:

« We provide a novel theoretical understanding of objectives in
graph condensation from both the training and test perspectives.
Our analysis reveals the connection between graph condensation
and clustering, demonstrating that condensation can be effec-
tively addressed by performing clustering with balanced clusters.
Leveraging our theoretical insights, we introduce the first frame-
work designed to significantly accelerate condensation and adapt
to the evolving nature of real-world graphs, while providing
traceability. This framework methodically partitions node repre-
sentations to produce cluster centroids at each time step, which
serve as the condensed node features.

Comprehensive experiments demonstrate that GECC achieves
state-of-the-art (SOTA) accuracy and efficiency in GC. For exam-
ple, GECC can condense the evolving Reddit dataset more than
1000 times faster than GCond, while outperforming other existing
methods in terms of accuracy.

2 Related Work

2.1 Model-based Graph Condensation

Model-based GC methods, which require a GNN training phase on
the original graph, were the first approaches proposed for GC. In
these methods, a smaller graph is synthesized to effectively rep-
resent the original for training GNNs [14]. For example, GCond
[19], DosCond [18], and SGDD [39] minimize a gradient match-
ing loss that aligns the gradients of the training losses w.r.t. the
GNN parameters computed on both the original and condensed
graphs. Alternatively, SFGC [42] and GEOM [41] condense a graph
by aligning the parameter trajectories of the original graph, thereby
eliminating the need for explicit edge generation and reducing
complexity. Although these approaches are effective, they require
significant computational resources due to the multiple full GNN
training runs on the original graph. To mitigate this cost, GCDM
[22] and SimGC [38] adopt a distribution matching strategy by
aligning sampled original node features with synthetic nodes, thus
reducing the discrepancy between gradient matrices and the final
output. Other methods such as GCSNTK [34] use GNTK [4] to
bypass the gradient update in the synthetic graph; however, such
approaches currently show suboptimal performance according to
recent benchmarks [10, 33]. OpenGC [8] enhances graph condensa-
tion for evolving graphs by simulating structure-aware distribution
shifts to extract temporal invariant patterns, thereby improving
the generalization of GNNs in real-world scenarios. Overall, these
model-based GC methods share common challenges including high
computational overhead, scalability, and traceability issues. The
recently proposed MCond [7] explicitly learns a one-to-many node
mapping from original nodes to synthetic nodes, thereby facilitating
inductive representation learning and enhancing traceability; how-
ever, it still operates within the framework of gradient matching
and remains highly complex.

2.2 Model-Agnostic Graph Condensation

While model-based approaches have advanced GC, they still strug-
gle to scale to large-scale graph datasets (e.g., graphs with over
one million nodes such as Ogbn-products [15]). To further reduce
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condensation time on such large-scale graphs, recent efforts have
focused on directly matching the representations between the
original and synthetic graphs, bypassing the need for a surrogate
model, i.e., the GNN model used during the condensation. This
strategy offers benefits in efficiency and generalizability to diverse
downstream models. GCPA [21] first extracts structural and se-
mantic information from the original graph, randomly samples the
representations, and finally refines them using contrastive learning.
Likewise, CGC [9] reduces the representation matching problem to
a class partitioning task. In this approach, nodes within the same
partition are merged, and a learning module is employed to weight
different samples before they are aggregated into a synthetic node.
However, despite its effectiveness, CGC’s theoretical analysis does
not establish a relationship between class partitioning and the
GC objective, thereby questioning the necessity of this extra step.
Moreover, these model-agnostic methods still require a learning
module, which introduces challenges in optimization and hyperpa-
rameter tuning. Finally, none of these methods fully address the
evolving nature of large-scale graphs, which typically necessitates
a complete re-condensation whenever the graph changes. To our
best knowledge, GECC is the first model-agnostic and training-free
method with linear complexity.

3 Preliminaries and Notations

Given a node set V and an edge set &, a graph is denoted as G =
(V, E). In the case of attributed graphs, where nodes are associated
with features, the graph can be represented as G = (X, A), where
X = [x1, X2, ..., Xn| denotes the node attributes, and A denotes the
adjacency matrix. The graph Laplacian matrix is L = D — A, where
D is a diagonal degree matrix with Dj; = 3 ; Ajj. Let N = |V| and
E = |&| represent the number of nodes and edges, respectively.

3.1 Graph Condensation.

GC aims to create a smaller synthetic graph G’ = (X', A”), where
X' € RN'®d A’ € {0,1}V'*N and N’ < N, from the original
large graph G = (X, A). The objective is to ensure that GNNs
trained on G’ achieve performance comparable to those trained
on G, thereby significantly accelerating GNN training [19]. The
large-scale graph G = (X, A) serves as the original graph of our GC
framework. Each node is annotated with one of ¢ classes, encoded as
numeric labels y € {1,...,c}"V and one-hot labels Y € RN*¢. Any
GC method focuses on finding an update function ¥ that generates
a new condensed graph G’ = ¥ (G), preserving the key structural
and feature information required for downstream tasks.

3.2 Evolving Graph Condensation.

Motivation: Training GNNs on real-world graphs is challenging be-
cause these graphs constantly evolve, leading to significant compu-
tational costs. Current GC techniques, which create smaller training
graphs, are designed for static snapshots. Consequently, adapting
to graph evolution requires re-running the entire expensive conden-
sation process at each step. This wasteful approach motivates our
work on Evolving Graph Condensation, which aims to efficiently
update a condensed graph incrementally rather than rebuilding it
from scratch. In the evolving graph scenario, we consider a sequen-
tial stream of graph batches {By, By, ..., B }, where m represents
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the total number of time steps. Each graph batch B; = (X;, A;)
contains newly added nodes along with their associated edges in
inductive graphs, while in transductive graphs, it contains newly
labeled nodes but retains the entire graph structure [32].
Problem Formulation: In the evolving graph scenario, we con-
sider a sequential stream of graph batches {B1, By, . .., Bjy }, where
m is the total number of time steps. Each graph batch B; = (X;, A;)
introduces new information. In inductive graphs, a batch contains
newly added nodes and their edges. In transductive graphs, it typi-
cally contains newly revealed labels for existing nodes while the
overall structure is retained [32]. These batches are progressively in-
tegrated, constructing a series of snapshot graphs {G1, Gy, ..., G }.
At any time step ¢, the snapshot graph G; = (X;, A;) encompasses
all information up to that point, where G; = Ule B;. Given the
snapshot graph G; at the current time step ¢ and the condensed
graph G;_, from the previous step, the goal of evolving graph con-
densation is to find an update function ¥ that generates a new
condensed graph G; = ¥(G,_,, Br). The objective is for G; to be
significantly smaller than G; while preserving essential structural
and feature information, such that any GNN trained on G} achieves
performance on downstream tasks that is comparable to a GNN
trained on the full, original graph G;. At each time step t, instead of
repeating the GC process from scratch on G;, our method aims to
efficiently update the condensed graph. It effectively inherits knowl-
edge from the previously condensed graph G;_, and integrates the
new information from batch B; to produce G;. This updated graph
is then used to train GNNs, which are deployed to classify nodes
in the full graph G;. This incremental approach ensures that the
condensed representation stays current with the evolving graph
while minimizing redundant computation.

4 Methodology

In this section, we outline our condensation objectives for preserv-
ing training data information and generalizing to test data in static
graphs. We employ theoretical analysis to simplify these objectives
and introduce a scalable condensation method that does not require
training GNN models, while offering traceability by establishing
clear correspondence between the original and condensed nodes.
Building on this scalable approach, we further propose an efficient
adaptation to the evolving scenarios.

4.1 A Deep Dive into Condensation Objectives

Intuitively, the condensation process should preserve sufficient
information from training data to maintain GNN training perfor-
mance while ensuring model generalization to test data. Thus, we
divide our discussion into two stages: training and test. To simplify
our analysis, we adopt the Simplified Graph Convolution (SGC)
model as the GNN [36], due to its simpler design, similar filtering
behavior to GCN [20], and its frequent use as a backbone and evalu-
ation model in numerous graph condensation works [10, 18, 19, 38].

Training Stage Objectives. During the training stage, GC aims
to preserve the training data information to maintain the perfor-
mance of GNNs. To reflect this, a natural way is to match the model
predictions on the original graph G and its condensed counter-
part G’. Denote the predictions of an SGC model trained on G as
Y € RN*¢ and those on G’ as ¥’ € RN'X¢, We have Y = FW =
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AKXW and ¥ = FW’ = A’KX’'W’ € RV X4 where K denotes the
number of SGC layers, F and F’ represent the propagated feature
matrices on G and G’, and W and W’ are the weight matrices of
the SGC model trained on G and G’, respectively. Note that feature
propagation here is more flexible than the SGC model and is not
limited to the formulation AXX: rather, it can be expressed as any
linear combination of powers of the adjacency matrix [29]. Below,
we refer to the propagated feature as the node representations. We
first define the distance between two matrices as the L2 norm of
their difference. If matrices do not have the same shape, a projec-
tion matrix can be applied to transform them into a common shape
before computing the distance. Then, the following theorem holds:

THEOREM 4.1. The prediction distance in the training stage is
bounded by the sum of representation distance and parameter distance.

) = Y| < IKE) = F/|| - [W[| + [[F]| - [W = W'|| (1)

where || - || denotes the L2 norm and K(-) can be any projection
function that aligns the dimensions of Y and Y’ or F and F'.

We provide proof in Appendix A.1. Note that ||F|| is a constant,
and the weight matrix ||[W’|| is naturally constrained due to reg-
ularization techniques during model optimization to control its
magnitude. Therefore, Theorem 4.1 indicates that by minimizing
the representation distance (|| (F) — F’||) and parameter distance
(lW — W’||) between two graphs, the predictions derived from the
condensed graph can be close to those of the original graph.

Test Stage Objectives. At the test stage, our condensation goal
is to ensure that the GNN model, trained on condensed training
data G’, generalizes effectively to the test graph, i.e., achieving a
low prediction error on the test data. We slightly abuse the notation
of F to represent the propagated feature matrix in the test graph,
and denote the test ground truth label as Y and the predicted test
labels from the model trained on G’ as Y = FW’. Then we have
the following theorem that provides understanding for the test
prediction error:

THEOREM 4.2. The test prediction error of the GNN trained of
G’ is bounded by the test prediction error of the GNN trained on
G plus the parameter distance, as formularized by ||Y — Y| <
Y = FWI| +[[F][ - [[W — W'|.

We provide proof in Appendix A.2. This inequality incorporates
both the original test prediction error and the parameter distance.
It indicates that by reducing the parameter distance ||[W — W’||, the
test prediction error becomes more tightly bounded, assuming that
the original test prediction error ||Y — FW|| and the propagated
feature matrix F remain constant.

Summary - Reframing Objectives for Graph Condensation.
Our analysis leads us to a new approach to defining the objectives
for GC. Theorems 4.1 and 4.2 suggest that both training and test
stage objectives are upper bounded by the parameter distance ||[W —
W/’||. Furthermore, the training stage objectives are additionally
upper bounded by the representation distance dist(F, F’). Thus, we
introduce a new GC objective that focuses on minimizing both the
parameter and representation distances to optimize the overall
performance of the condensed graphs.
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4.2 Efficient Optimization for the New Objective

Focusing on the new condensation objective we propose, we now
discuss its efficient optimization and the establishment of a cor-
respondence between original and condensed nodes to enhance
traceability. As our objective includes representation and parameter
distance, we separate their discussions as follows.

Optimizing Representation Distance l7C(Y) — Y’||. As dis-
cussed in Theorem 1, K(-) serves as a projection function that
aligns the dimensions of Y and Y’. While there are multiple choices
of K(-), we propose to implement it through a linear mapping
that assigns each node in the original graph G to one of the syn-
thetic nodes in G’. This mapping is formalized as a function 7 :
{1,...,N} - {1,...N’}, represented by the assignment matrix
P ¢ RVXN'_ The matrix P is binary, where P;; = 1 if and only if
node i in G is assigned to node j in G', i.e., (i) = j. To align Y with
Y’, we first transform Y to the corresponding dimension using PTY.
We then compute the prediction distance as IPTY - ¥’||, which
modifies the minimization of representation distance as follows:

ming ||K(F) - F'|| = minpp |[PTF - F'||. (2)

By solving the above optimization problem, we can derive the as-
sighment matrix P and the propagated features F’ for graph G’. In
alignment with the popular structure-free GC paradigm [19, 41, 42],
we set F/ as the condensed node features and use an identity matrix
I for the condensed adjacency matrix to form a condensed graph
that effectively minimizes the representation distance. Notably, the
assignment matrix P and the condensed features F’ can be efficiently
derived using any Expectation-Maximization (EM)-based clustering
algorithm, such as k-means. Since k-means inherently minimizes
the Sum of Squared Errors (SSE), this optimization aligns with the
objective min ||PC — F||, where C represents the cluster centers of
feature points F. The procedure iteratively updates the cluster cen-
troids F” and the assignment matrix P until convergence is reached.
This approach presents two major advantages: (a) Traceability:
It provides clear insight into how each original node contributes
to the condensed graph, facilitating a better understanding of the
condensation process. With traceability, users can manipulate the
condensed graph alongside the original one—for example, easily
filtering low-quality data when the corresponding original nodes
exhibit poor characteristics. (b) Efficiency and Versatility: Un-
like traditional GC methods that need specific GNN models to be
trained, this new method does not require any GNN training or gra-
dient calculation and is not limited to a particular GNN architecture,
which greatly improves efficiency.

Optimizing Parameter Distance |W — W’||. As demonstrated
in the above establishment of structure-free condensed graphs,
clustering effectively bridges the gap between original and con-
densed graphs by minimizing representation distance. Within this
framework, we further explore how the parameter distance corre-
lates with the assignment matrix P used in clustering through the
following theorem.

THEOREM 4.3. The parameter distance can be bounded by the
following inequality:

IW = W' < C - (max(diag(PTP)))%, ®)
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! ’
is a constant, PTP € RNV XN’ s

where C = HF”'”Y”(Z/lmin(fT)F)"'“FH)

a diagonal matrix with each diagonal entry corresponding to how
many original nodes are assigned to each synthetic node.

We provide proof of Theorem 4.3 in Appendix A.3. This theo-
rem demonstrates that the parameter distance ||[W — W’|| is upper
bounded by the maximum elements in PTP. It suggests that assign-
ing a balanced number of original nodes to each synthetic node can
effectively lower the upper bound of the parameter distance. Thus,
we plan to integrate this balancing constraint into our condensation
process to facilitate the minimization of parameter distance.

4.3 Graph Condensation via Clustering

With clustering established as a powerful and efficient approach for
achieving bounded error in GC, we now shift our focus to its prac-
tical implementation. To facilitate a clustering-based GC method,
we propose the GECC process. We start with the foundational GC
paradigm, which provides an efficient method for generating the
condensed graph G; from the static original graph G; at time step
t. Building on this, we extend to an evolving graph setting by intro-
ducing the incremental condensation paradigm to handle dynamic
graph updates efficiently. GECC takes the original graph at time step
t and the condensed node representations from the previous time
step ¢ — 1 as input, generating the condensed node representations
for the current time step. GECC process can be divided into two
main stages: (i.) Feature Propagation, and (ii.) Representation
Clustering. The details of these steps are explained below.

4.3.1 Feature Propagation. The goal of feature propagation is to
propagate information from a node’s neighbors to provide each
node with a richer representation. To enable a GC procedure that
eliminates the need for training on the whole graphs, we develop
a non-parametric feature propagation module [12, 27, 28, 36] de-
signed to produce node embeddings F; in the original graph G;.
In our work, by following the propagation method in SGC [36],
the propagated node representations after k steps are computed
as: Fyp = A]th, where A; is the normalized adjacency matrix of

1 1

Gy, defined as: A; = 13; EAtf)t_ 2 with A; = A; + 1 being the adja-
cency matrix with self-loops, and D; being the degree matrix of
At, where (l~)t),-’,~ = j At,i, j- To combine information from dif-
ferent propagation steps, we adopt a linearization approach. The
final representation for each node is given by: F; = Zf:o o Fy k.
This formulation ensures that each node’s representation captures
multi-hop neighborhood information, which fuse the structure and
feature information. Note that we allow the weights « to vary in
a large range. In particular, if & < 0, it effectively introduces a
“negative offset” that can capture heterophilic relationships in the
representation [43].

4.3.2  Representation Clustering. Once the node representations
F; € R"*4 gre obtained, we discard the original graph structure
and partition the node representations into groups via the following
clustering technique. Each node in the condensed graph G; belongs
to one of ¢ classes. We denote their labels as y} € {1,2,..., c}"/t
or equivalently via one-hot encoding Y} € RM:X¢, Following the
approach of GCond [19], we predefine the labels of the condensed
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nodes so that their class distribution in y; matches the original
distribution in y;.
A Unified Clustering Formulation. By leveraging the node labels

and their feature representations {F; ;. | k =1,...,c}, we can apply
a variety of clustering methods to partition the nodes. Here, we
adopt a unified formulation that accommodates both hard k-means
and soft k-means. We first split the labeled nodes by their class
label k € {1,2,...,c}. Within class k, we assign the nodes to M}
clusters, where My, is chosen according to a desired reduction rate
rl. Let M = Yoy Mk = ns i X 1, where ng . is number of training
nodes in class k. Next, we formulate the (hard/soft) assignment
matrix P; € R™*M Each row corresponds to one labeled node,
and each column corresponds to M clusters across all classes. In
more fine-grained notation, if cluster j belongs to class k, then the
entry Py ; j indicates how node i of class k is associated with that
cluster. Formally,

0, 1}, hard clustering.
bij {{ ) & 4)

[0, 1], soft clustering: subject to 3 ; Py = 1.

In the hard-assignment scenario, each node belongs to exactly one
cluster, so Py ; ; = 1ifnode i is placed in cluster j and 0 otherwise. In
the soft-assignment scenario, each node has fractional memberships
across the clusters in its class, with the memberships summing to 1.

Under hard k-means, each node belongs to exactly one cluster.
Under soft k-means, each node has fractional memberships that
sum to 1. We employ the classic algorithms of k-means [25] and
fuzzy c-means [2] in practice.

A Balanced SSE Objective. As Theorem 4.3 indicates, assigning a
balanced number of original nodes to each synthetic node can effec-
tively reduce the upper bound of the parameter distance, thereby
enhancing the objectives in both the training and testing stages.
Thus, to obtain balanced clusters, we add a regularization term that
penalizes deviations from a uniform cluster size. Concretely, let
C; e RM xd collect the centroids for the M total clusters across all
classes. We denote 1 € R™ as the all-ones vector, where n; is the to-
tal number of labeled nodes. Suppose class k has n, ;. labeled nodes
and is assigned M clusters, so that M = 22:1 M. To encourage
each class to be evenly partitioned among its M. clusters, we set

T
u = |ne ne neg nz Mic M
= Mo My My Myt Meo ot M. |
M entries M, entries M, entries

so that each block of u is constant, corresponding to the perfectly
balanced cluster size for each class. Since clustering can be sto-
chastic, we repeat it multiple times and choose the best result. The
standard metric for clustering quality is the sum of squared errors
(SSE). Finally, the balanced SSE objective is then given by:

J(P:,Cy) = ||Ft—PtCt||2 + |[Pf1 - u||2. (5)

Centroid Computation. Regardless of whether the assignment is
hard or soft, the cluster centroids are computed by:

C; = D;}PIF,, (6)

where Dp, € R"*™ js a diagonal matrix satisfying (Dp, )i s =
2 Py k. Finally, as the propagated features implicitly encode

IReduction rate r is defined as (#nodes in synthetic set)/(#nodes in training set).
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structural information, and current SOTA methods [41, 42] operate
on structure-free graphs, we do not explicitly generate new edges.
Beyond achieving strong predictive performance, this structure-
free design is significantly more efficient than structure-based ap-
proaches, which typically require an additional edge-generation
process with O((n;r)?) complexity [10].

Instead, we use an identity matrix to represent the adjacency
among condensed nodes. By combining feature propagation with
our representation-based clustering, we form the condensed graph
as G, = (C}, I}), where I} € RMXM s an identity matrix. This
condensed graph preserves the essential structural and feature
information of the original graph G;, thereby enabling efficient
GNN training while substantially reducing computational overhead.

4.4 Evolving Condensation via Incremental
Initialization

To enable the GECC pipeline to effectively condense graphs that
evolve over time and increase in size, we adopt a clustering approach
inspired by the K-means++ initialization technique [1]. This method
improves the quality of clustering by ensuring a better spread of
centroids during initialization. Specifically, for each node class c,
we partition the nodes into C clusters using the following process:

First, let the set of already selected centroids at step t — 1 be
Ci—1 = {c1,¢2,...,¢}, where ¢; € R4, and let the new coming
node set in new time step is {X1, X2, ..., X;n }. For the current step
t, we compute D(x;,C;—1) for each node embedding x; € R4 in
class c to consider how well the current centroids represent the
data points in the feature space and identify regions of the space
that require additional centroids. The distance is defined as the
minimum Euclidean distance between x; and any centroid in C;_1:

D(x;,C-1) = min [Ix; — |
ceCy_q
Next, we probabilistically select a new centroid cg,; from the set

of node embeddings {x;} based on the computed distances. The
probability of selecting x; is proportional to D(x;, Cy—1)%:

D(xi,Cs—1)?

P(X) = .
l X €{X1, X2, Xm } D(Xj, Cs1)?

This step ensures that new centroids are more likely to be chosen
from areas of the feature space that are underrepresented, thus
improving the spread of the centroids. In an evolving setting, we
expect the condensed graph to grow proportionally with the origi-
nal graph. Therefore, we sample m X r new centroid sets, denoted
by {Ca}. We then update the set of centroids as follows:

Ct =Ci-1 U{Ca}.

Finally, after obtaining C;, each node embedding x; in class c is
assigned to the nearest centroid:

Cluster(x;) = arg min ||x; — c|l?.
ceC;

This step partitions the nodes into C clusters, ensuring that each
cluster is represented by its respective centroid.

Once the centroids C; are obtained through this process, they
will be served as the condensed node representations X} in the
synthetic graph G at time step t. By leveraging this probabilistic
initialization, the clustering method ensures that new centroids
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are well-distributed and far from existing ones, facilitating a more
effective condensation of graph representations at each time step.
The complexity analysis can be found in Appendix D.

5 Experiments

To validate the effectiveness of our proposed GECC, we compare
it against classic and SOTA baselines in both non-evolving and
evolving scenarios. We first detail the experimental setup, includ-
ing the construction of benchmark datasets and the experimental
settings of each method. Next, we present the node classification
performance as a measure of condensation results, alongside a
comparison of efficiency. Finally, we empirically demonstrate the
effectiveness of the feature aggregation module and the importance
of the specific incremental initialization design in our method. Our
code is provided in https://github.com/rockcor/GECC.

5.1 Experimental Setup

Datasets and Baselines. Following most of the GC papers, we
select seven datasets: five transductive datasets, i.e., Citeseer, Cora
[20], Pubmed [30], Ogbn-arxiv, and Ogbn-products [16] and two
inductive datasets, Flickr and Reddit [40]. All training graphs are
randomly divided into five subsets and each preserving the original
class distribution except for Ogbn-arxiv-real, which follows the real
timestamps of the publication years. For transductive graphs, nodes
in training set are split, whereas inductive graphs are partitioned
into subgraphs. Subsequently, the training sets are incrementally
enlarged—for example, the first subset forms Gy, and the first plus
the second subset forms Gz. For additional dataset details, please
refer to Appendix E.1. We compare GECC with most effective and
efficient GC methods, encompassing a diverse range of optimiza-
tion strategies: (1) gradient matching-based: GCond and GCondX
[19]; (2) distribution matching-based: GCDM [22] and SimGC [38];
(3) trajectory matching-based: GEOM [41]. We also include node
selection baselines (Random [19], KCenter [31], Herding [35]) to
better compare performance-efficiency trade-offs. The condensed
graphs are evaluated using a standard GCN trained for 300 epochs
with a learning rate of 0.01, as suggested by GC4NC [10]. The GCN
is trained on the synthetic dataset and validated and tested on the
original validation and test sets. We also list the results from train-
ing a standard GCN in whole dataset for both two settings to show
the potential upper bound for graph condensation.
Implementation Details. To ensure a fair reproduction and
comparison of baseline methods, we use the best hyperparame-
ters reported in their original papers. For intermediate evaluation,
we follow the GC4NC benchmark [10], which restricts the num-
ber of evaluations to 10 during the whole condensation process.
All baselines adopt the training from scratch strategy in evolving
stetting, i.e., do not reuse the previous condensed graphs. For the
hyperparameters of our method, we tune them within a limited
range, specifically ag, a1, a2 € [—0.3,0.9] with 0.1 interval. We in-
troduce a negative offset to capture heterophilious properties in
graphs [11, 43]. Following prior work, we fix the maximum propa-
gation depth in Equation 4.3.1 as K = 2. In addition, learning rate,
epochs and dropout of downstream GCN are all fixed as 0.01, 300
and 0.5, except the weight decay is selected from {0.001,0.0005}.
We use soft clustering for small datasets and the repeat times are set
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Table 2: Comparison of different condensation methods in two settings and seven datasets. The evolving setting row show
the average test accuracy of five time steps. The best results are in bold and the second-best are underlined. "OOM" indicates
out-of-memory errors. Average condensation time (seconds) for both settings are listed alongside test accuracy for each method.
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Figure 1: Comparison of test accuracy of different GC methods across five time steps.

to 50. The fuzziness are selected from {1.0, 1.1, 1.3}, respectively.
For large datasets, we run standard hard k-means only one time.
The maximum number of iterations and the k-means threshold are
set to 300 and 1 x 1073, respectively. All experiments are run ten
times then we report the average. See more details in Appendix E.

5.2 Performance and Efficiency Comparison in
the non-Evolving and Evolving Setting

5.2.1  Performance Comparison. To compare the effectiveness of
GECC with the baselines, we utilize the generated condensed graph
data to train a standard GCN, reporting both test accuracies and
standard deviations in Table 2. For each dataset, we report two
test accuracies: one for the Non-Evolving setting, reflecting the
accuracy achieved by training the GCN on the graph at the final
time step (¢ = 5), corresponding to the largest graph size; and one
for the Evolving setting, representing the average accuracy across
all five time steps as the graph evolves. It is also noteworthy that, to
evaluate our proposed method on real-world dynamic datasets such
as Ogbn-Arxiv-real, we utilize the original metadata from Ogbn-
arxiv [16] and use node timestamps to divide the data into five
sequential time steps.

Additionally, Figure 1 illustrates the test accuracy across different
time steps, which compares the GECC evolving capability with the
existing baselines. Our analysis reveals several key insights:

Non-evolving setting — GECC outperforms the baselines on
almost all datasets, including the whole dataset performance for
some datasets, which highlights the effectiveness of our training-
free approach in the non-evolving setting. The only exceptions are
observed in the Flickr and Ogbn-arxiv datasets, where GECC ranks
second by a minimal margin. In addition, unlike other baselines,
GECC does not fail on extremely large datasets like Ogbn-products
due to memory constraints.

Evolving setting — By analyzing Table 2, we observe that GECC
consistently outperforms existing baselines across almost all datasets,
often by a large margin. The only exception is Ogbn-arxiv, where
GECC ranks second. ALso, Figure 1 highlights that GECC achieves
the best test accuracy at early time steps. For instance, on Ogbn-
arxiv, it surpasses 65% accuracy by the second time step, a large
gap compared to existing baselines. This demonstrates GECC’s
efficiency in leveraging limited data for superior generalization,
whereas other methods struggle to reach comparable performance
early because they need sufficient data for training. For the Ogbn-
arxiv-real dataset, a real-world graph with inherent dynamics based
on original timestamps, GECC still achieves the best evolving per-
formance, indicating that our method remains effective in realistic
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Table 3: Transferability: GECC is compatible with various GNN architectures. “Average” denotes the mean + standard deviation

of test accuracy across different GNN models.

Model Cora (r =0.5) Ogbn-arxiv (r = 0.01) Reddit (r = 0.001)

GCond GEOM GECC GCond GEOM GECC GCond GEOM GECC
GCN 81.69 83.06 82.71 65.83 69.49 66.60 88.01 91.57 91.28
SGC 81.38 83.15 82.67 64.76 67.51 65.55 88.69 90.58 92.10
APPNP 80.80 83.33 81.97 64.97 67.03 64.45 85.90 89.31 91.07
Cheby 77.61 80.49 78.45 60.52 62.35 60.17 74.51 82.58 82.26
GraphSage 77.52 74.12 78.45 60.38 62.19 60.24 74.47 82.60 82.24
GAT 76.47 81.85 82.09 61.90 64.70 64.35 88.84 89.19 90.40
Average 79.25+1.76  81.00+£3.09 81.06+2.01 63.06+2.23 65.55+2.74 63.56+2.31 83.40+5.41 87.64+3.77 88.23+3.28

dynamic scenarios. Moreover, we observe that GECC surpasses the
performance achieved on the whole dataset for relatively smaller
graphs such as Cora, Citeseer, and Pubmed. This result highlights the
effectiveness of our training-free condensation approach in achiev-
ing a "lossless" objective during graph evolution. Additionally,
Figure 1 illustrates the robustness of GECC in steadily improving
performance as training size increases. This trend fails to hold for
baselines, particularly for GEOM on Reddit. We conjecture that the
trajectory matching method heavily relies on the performance of
the pre-trained GNN, making it susceptible to the twofold influence
of data size changes: first, during the pre-training stage, and second,
during the condensation stage.

5.2.2  Efficiency Comparison. Comparing GECC with the baselines
in Figure 2, it is evident that GECC exhibits superior efficiency
and scalability. It maintains stable performance while effectively
managing computational resources as the graph evolves. Numerical
experiments show sublinear runtime growth: a fitted power-law
exponent (= 0.3) indicates reasonably good scalability. Although
certain model-based GC methods such as GEOM may slightly out-
perform GECC at specific time steps, GECC achieves over 100 times
faster condensation time and demonstrates a significantly slower
increase in computational overhead. For results in more datasets,
please refer to Appendix E.

Reddit: Test Accuracy vs. Time
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Figure 2: Test accuracy vs. condensation time on the Reddit
dataset (top-left is better).

5.2.3 Transferability. A crucial factor in evaluating GC methods
is determining whether the condensed data can effectively train
various GNNs from a data-centric perspective. Unlike GECC, which
adopts a training-free condensation approach, most existing meth-
ods generate condensed graphs that are inherently dependent on
the backbone GNN used during condensation, such as GCN [10, 14].
This reliance can introduce inductive biases, potentially hindering
their adaptability to other GNN architectures.

Table 3 shows that the condensed graphs generated by GECC
demonstrate robust generalization across diverse architectures when
compared to other SOTA baselines. Even in Ogbn-arxiv, GECC
outperforms GEOM w.r.t consistency, as indicated by its lower stan-
dard deviation across downstream GNN models, highlighting the
advantage of GECC’s model-agnostic design.

5.3 Ablation Studies

To investigate the effectiveness of each module of our method, we
conduct the following ablation studies to study the impact of feature
propagation, incremental k-means++, and balanced SSE score.

5.3.1 Impact of Feature Propagation. As feature propagation (Equa-
tion 4.3.1) is crucial for generating informative node representations,
we compare GECC against an ablated version without feature prop-
agation (labeled w/o propagation) across all time steps. Specifically,
for w/o propagation, we set ap = 1 and all other « coefficients to 0,
keeping all other hyperparameters identical. Each experiment is
repeated ten times, and we report the average results.

Figure 3 illustrates that GECC with feature propagation outper-
forms the version without propagation. Notably, in some datasets
(e.g., Flickr), the w/o propagation approach exhibits a downward
trend even as more graph data is introduced, suggesting that the
raw node features may contain substantial noise. In contrast, GECC
with feature propagation steadily improves as the dataset size in-
creases, highlighting that propagated features effectively mitigate
noise and bolster clustering performance.

5.3.2  Impact of Incremental k-Means++. We evaluate the effect of
reusing previous condensed results when clustering at each time
step. Specifically, we compare GECC against a variant that does not
reuse prior centroids—denoted w/o incremental k-means++—and
instead initializes centroids from scratch via a standard k-means++
procedure at every time step.
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Figure 4: Ablation study. Boxplots show the mean and quartiles of the number of iterations required for clustering.

Table 4: Comparison of average test accuracy (%) and balanced
SSE on three benchmark datasets across five time steps. “Bal.
SSE” indicates the balanced SSE.

Citeseer Cora Pubmed
Acc. (1) Bal.SSE(]) Acc.(T) Bal.SSE(]) Acc.() Bal SSE(])
w/ rep. clustering 65.45 2.39 77.08 4.52 76.32 6.65
w/o rep. clustering ~ 63.75 9.83 74.82 9.47 75.99 9.89

As shown in Figure 4, reusing previously learned cluster centers
via incremental k-means++ significantly reduces the required num-
ber of iterations for convergence, especially as the graph grows
larger. For example, on the Reddit dataset at time step 5, incremen-
tal initialization only requires about 10% of the iterations needed
when initializing from scratch. We omit results on smaller datasets
because they typically converge in fewer than 10 iterations.

5.3.3  Relation between GC and clustering objective. The balanced
Sum of Squared Errors (SSE) is a key contribution derived from our
theoretical analysis. To assess its impact, we perform an ablation
study comparing the performance of GECC with and without repet-
itive clustering. As shown in Table 4, for instance, on the Citeseer
dataset, applying repetitive clustering to select the lowest SSE leads
to an absolute performance improvement of 2.7%. These results
show that a lower SSE correlates with higher test accuracy.

6 Conclusion and Outlook

In this study, we address the challenge of evolving graph condensa-
tion. We observe that a universal clustering framework can natu-
rally optimize the assignment matrix, thereby achieving the com-
mon objectives of existing GC methods. Additionally, we propose a
novel balanced SSE metric that further tightens the upper bound of
these objectives. In the evolving setting, we find that our clustering
approach can be readily adapted to an incremental version, termed
incremental k-means++.

Experimental results demonstrate that balanced SSE improves
the performance of clustering-based GC, and incremental k-means++
significantly reduces the number of iterations, thereby enhancing
efficiency in evolving environments. Future work includes devel-
oping more efficient and scalable clustering techniques, especially
soft clustering algorithms for larger graph datasets and adaptively
optimizing multi-hop weights, which could be beneficial when the
graph keeps evolving over time.
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A Proof of Theorems
A.1 Proof of Theorems 4.1

THEOREM. The prediction distance in the training stage is bounded
by the sum of representation distance and parameter distance.

IKY) = Y| < IKCE) = F|| - [W']| + [[F]| - [W = W]l (7)

where || - || denotes the L2 norm and K(-) can be any projection
function that aligns the dimensions of Y and Y’ or F and F'.

Proor. To preserve the training data information to maintain the
performance of GNNs, we focus on matching the model predictions
on the original graph G and its condensed counterpart G’. Since
K () only aligns the first dimensions, we have K(Y) = K(F)W.

Therefore, the expression becomes:

K (Y) = Y|l
=|K(F)W - FW'||
=|KE)W - KE)W + KE)W - FW|| ®)

<[IKE) (W = W)+ [[(K(F) - F)W||
<K@ - IW = W[+ [[K(F) - F| - W]

The objective in training stage is to minimizing ||K(¥) =Y’ ||, which
can be formulated as:
arg min [K(¥) - V'
Y/

. , , R )
=argmin IKE - W = W+ [|K(F) = F - [W

Note that ||F|| is a constant, and the weight matrix ||W’|| is natu-
rally constrained due to regularization techniques during model
optimization to control its magnitude. Then, we have:

arg min |K(Y) - Y|
¥
I (F) - F'|| (10)

———e
Parameter Distance Representation Distance

zargn}:i’n IW-W’|| +
————

Therefore, Theorem 4.1 indicates that by minimizing the repre-
sentation and parameter distances, the predictions derived from
the condensed graph can be close to those of the original graph.

This completes the proof. O

A.2 Proof of Theorems 4.2

TaEOREM. The test prediction error of the GNN trained of G’ is
bounded by the test prediction error of the GNN trained on G plus the
parameter distance, as formularized by

IY =Yl < Y = FW|| +[[F]| - [W = W’||

ProoFr. At the test stage, our condensation goal is to ensure that
the GNN model, trained on condensed training data G’, generalizes
effectively to the test graph, i.e., achieving a low prediction error
on the test data.

Iy -Y"||
=Y - FW'||
=||Y - FW + FW - FW/|| (11)

<[IY = FW[| + [[F(W - W)
<|IY = FWI| +[[F|| - [|[W — W'
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This inequality incorporates both the original test prediction error
and the parameter distance. The objective in testing stage is to
minimizing ||Y — Y"’||, which can be formulated as:

argmin [|Y - ¥”’||
g

~argmin|[Y - FW|| + [|F|| - [|[W - W||
14 (12)

~argmin  [[W - W/||

Y S —

Parameter Distance
It indicates that by reducing the parameter distance |[W — W],
the test prediction error becomes more tightly bounded, assuming
that the original test prediction error ||Y — FW|| and the propagated
feature matrix F remain constant.

This completes the proof. O

A.3 Proof of Theorem 4.3

THEOREM. The parameter distance can be bounded by the follow-
ing inequality:
[W - W’|| < C(max(diag(PTP)))?, (13)
_ IFI-IYI (Amin (FTE)+[[FID)
2, (FTF)
a diagonal matrix with each diagonal entry corresponding to how
many original nodes are assigned to each synthetic node.

! ’
where C is a constant, PTP € RN'XN" g

PrRoOOF. We aim to establish that clustering effectively bounds
the error introduced by parameter matching and representation
difference. The proofproceeds as follows:

Bounding the Parameter Matching Error ||[W — W’||: Consider the
weight matrices for the SGC and clustering-based methods

wW=FFIFY, W= 0 lcTY
where
C=®"P)7'PTF, Y =("P)"IPTY
The difference between W and W’ is
IW-W=|FF)'FY-(Co)"'cTY|
By substituting C and Y’, we can express W’ in terms of F and Y
W = (FTP(PTP)_ZPTF)_l F'P(PTP)?PTY
Let A=F"Fand B = FTP(PTP)2PTF, then:
W=A"'F'Yy, W =B 'F'P(PP)?PTY
The difference becomes
W-W =A"FTY-B IF'P(PTP)?PTY
Similar to the above two proofs, we add and subtract a term
B~'F"Y and rewrite the difference by

W-W = (A‘1 - B_l) FY
+BIFT (1 - P(PTP)_ZPT) Y
Considering the norms, we have
W - W <A™ =B~ - [[FTY]|
+|B7[- [FT(1-P(PTP)*PT)Y||

We will now bound each term independently.
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Bounding the First Term
I~ = B7H| - IIFTY]|
Based on the norms of matrix inequality, we have
A7 =B~ < A7)l - IB-All- B7]

Then, according to

1 1
A= ——, B ==
A= T B = ®
and assuming Ay, (B) > Wmlmm (A), we have
_ _ (maxg (PTP) )2
AT B <
Amin(A)

Bounding ||B — A]|:
B-A=F'P(P'P)"?PTF-F'F
=-F (I-P(PTP)2P")F
Taking norms:
B - All = [FT (P(PTP)~*PT — DF|
< [IF|I® - IT-P(PTP)?PT|
Since || - P(PTP)"2PT|| < 1, the inequality can be further simpli-

fied to ||B — A < ||F||2.
Combining the above:

(max (PTP)gy)?

A™" =B~ - IFTY] < >
Amin(A)

IFIZ - 1l

Bounding the Second Term
B! IFT (1~ P(PTP)T2PT)Y||
Based on the proof above, we first have
1 (max(PTR))’
Amin(B) - Amin (A)
Since [I-P(PTP)~2PT| < 1,
[FT(1-P(PTP)"*PT)YI| < [IF|| - |[Y]

B~ =

Combining these bounds:
Bl - IFT(1-P(PTP)*PT)Y]|
(max (PTP)yx)?

T min(A)

Combining Both Terms: Adding the bounds for both terms, we
obtain:

“[EI- 1l

(max (PTP)gy)? 2
W - W || <~ ks Ik )2y
Il I P (A)2 [IF(1“ - 1Y)
(maxy (PTP)gr)?
Ak kKT R Y
o (A) (1|~ Y]]
IFYZ- 1Yl NF)- Y
=max(PTP .
2 (P P)ix) (/hmn(A)2 /'lmin(A))

=C(max(diag(PTP)))?
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. ’ ’ .
where C is a constant, PTP € RN'XN" j¢

a diagonal matrix with each diagonal entry corresponding to how

many original nodes are assigned to each synthetic node.
Our objective is to minimize the parameter distance, which can

be reformulated by:

_ IEI Y] (Amin (FTE) +] E])
22 (F'F)

arg min ||[W — W’'||
v (14)
~arg mPin C(max(diag(P-'—P)))2

This completes the proof. O

B Method Pipeline
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Figure 5: Illustration of the GECC framework. The lower
part of the figure depicts the two evolving settings: in the
inductive setting, the graph structure evolves over time, while
in the transductive setting, only the training nodes (labels)
change, with the graph structure and non-training nodes
remaining unchanged.

The proposed GECC framework is illustrated in Figure 5. GECC
takes the current graph G; = (X;, A;) along with the centroids
from the previous time step to perform condensation and generate
the condensed graph G; = (I,C}). The lower part of the figure
also depicts the two evolving settings: in the inductive setting,
the graph structure evolves over time, while in the transductive
setting, only the training nodes (labels) change, whereas the graph
structure and non-training nodes remain unchanged.

C Symbol Table

All the symbols used in this paper have been summarized in Table 5
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Table 5: Notations

Symbol Description

General Graph Notations
G,G; An static graph and a snapshot of an evolving graph at time step ¢.
G',G; The condensed graph from the static graph and the evolving graph at time step ¢.
Vv, & The set of nodes and edges in a graph.

N,E The total number of nodes and edges.

X, X; The node feature matrix of the static graph and evolving graph at time ¢.
X, X, The feature matrix of the condensed graph (i.e., the centroids).

A A; The adjacency matrix of the original graph and at time ¢.

A’ AL The adjacency matrix of the condensed graph (set to I).
v,Y,Y;  The numeric and one-hot encoded label vectors/matrices of the original graphs.
Y'Y, The one-hot encoded label of the condensed nodes.

c The total number of classes.
LD The graph Laplacian and degree matrices.
F The update function to generate a new condensed graph.

Evolving Graph Condensation

B; A batch of new graph data arriving at time step ¢.

m The total number of time steps in the evolving sequence.

r The reduction rate, determining the size of the condensed graph.
GECC Algorithm Notations

Ap, A The adjacency matrix with self-loops and its normalized version.

K The maximum depth for feature propagation.

Fy The propagated node feature matrix at time ¢.

ay. Learnable weight for combining features from propagation depth k.

Nk The number of nodes belonging to class k at time ¢.

M, My The total number of condensed nodes (clusters) and per class.

Py The cluster assignment matrix at time ¢.

Cy,Ci—1  The set of cluster centroids at time t and ¢t — 1.
JG, ) The balanced Sum of Squared Errors (SSE) objective function.
D(xj,C) The minimum Euclidean distance from a node x; to a set of centroids C.
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Figure 6: Class distribution across five splits of the Ogbn-
arxiv-real dataset.

D Complexity analysis

We analyze the complexity of each component in GECC as fol-
lows. First, feature propagation takes O(Ke;d) time, where K is
the propagation depth, e; is the number of edges at time step ¢,
and d is the feature dimension. Second, hard k-means with M
clusters requires O(n;UMd) per iteration (U is the number of iter-
ations), whereas soft k-means also costs O (n;UMd) for distance
calculations but plus an additional O(n;M) overhead to normalize
fractional memberships. Third, the balanced SSE calculation adds
only O (n; M) overhead, as the repetitive clustering can be done in
parallel. Finally, in an evolving setting, incremental k-means++
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only considers newly arrived nodes, reducing initialization cost to
O(m|C¢-1|d), where m is the number of new nodes and |Cy_1] is
the number of existing centroids. Gathering all components, the
total complexity is dominated by O(n;UMd) from the clustering
procedure and O(Ke;d) from feature propagation, both of which
scale linearly with the number of nodes n; and edge count e,
given that the size of condensed graph M is negligible in terms of
order of magnitude compared to n;.

E Experimental Details
E.1 Dataset Statistics

In line with most GC studies, we utilize seven datasets in total:
five transductive datasets—Citeseer, Cora [20], Pubmed [30], Ogbn-
arxiv, and Ogbn-products [16]—and two inductive datasets, Flickr
and Reddit [40]. Each graph is randomly split, ensuring a consistent
class distribution. The details of the datasets statistics are shown
in Table 6. We list all evolving information in Table 8, rows above
the midline correspond to smaller datasets, and rows below it cor-
respond to larger ones. The real-world evolving information of
Ogbn-arxiv-real is shown in Table 7. The distribution of the number
of nodes in each class is shown in Figure 6.

Reduction rate r is defined as (#nodes in synthetic set)/(#nodes in
training set) while r,, is (#nodes in synthetic set)/(#nodes of whole
graph visible in training stage). The whole graph visible in training
stage means the full graph dataset for transductive setting but only
the training graph for inductive setting.

E.2 Platform and Hardware Information

To efficiently execute the clustering algorithm, we run it on In-
tel(R) Xeon(R) Platinum 8260 CPUs @ 2.40GHz using NumPy [13],
while the downstream GNN evaluations are conducted on a cluster
equipped with a mix of Tesla A100 40GB/V100 32GB GPUs for large
datasets and K80 12GB GPUs for smaller datasets. All GNN models
are implemented using the PyG package [6].

E.3 Baselines Selection

To establish a fair benchmark, we selected recent state-of-the-art
GC methods that emphasize both effectiveness and efficiency. Some
recent methods, such as MCond, CGC, and GCPA, were excluded
due to the unavailability of their code at the time of paper writing.
For the selected approaches, we chose the best representatives from
each category: GCondX for gradient matching, GCDM and SimGC
for distribution matching, and GEOM for trajectory matching. We
implemented these methods using the latest GraphSlim package?,
except for SimGC3 and GEOM?, for which we used their original
source code. We specifically included SimGC because it is the only
model-based GC method that can run on Ogbn-products without
requiring any modifications.

E.4 Implementation Details for Variants of
GCondX

As mentioned in Section 1 and illustrated in Table 1, adapting
GCondX to an evolving setting is challenging. The experimental
Zhttps://github.com/Emory-Melody/GraphSlim/tree/main

3https://github.com/BangHonor/SimGC
*https://github.com/NUS-HPC- Al-Lab/GEOM/tree/main
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Algorithm 1 GECC Node Condensation

Require: Adjacency matrix A;, feature matrix X;, label vector y;, reduction rate r, label matrix Y/ < predefined using class distribution in

Y;

Ensure: Condensed node representations X;

1: // Feature Propagation (Eq. 5)

2: At — Ap+1

3: Dy «— diag(zj At,i,j)

1 1

Av e D TAD]E
: fork =0to K do
Fip « AkX,
: end for
: Fr — 3K aFy
: // Class-wise Clustering Setup
10: for eachclassk=1,...,cdo
11: ny j < number of labeled nodes in class k
12: My [ng g xr]
13: end for
4 M 37 My
15: // Cluster Assignment Matrix P; and Balanced SSE (Eq. 5)
16: for each clustering repetition do
17: Apply k-means or fuzzy c-means on F; to get P; € R XM
18: Compute cluster centroids: C; = D;:P: F

© P N G

19: Compute balanced SSE loss:
J(Pr,Co) = |Fe = PoCel|* + 1P 1~ ul? ®)

20: end for
21: Choose clustering with lowest J(P;, Cy)
22: // Probabilistic Centroid Initialization (Diverse Coverage)
23: Initialize C;—1 = {}
24: for each class ¢ and node x; € F; do
25 D(x3,Cp-1) = mincec,_, [|xi — |l
26: end for
27: Sample new centroid x; with probability:
) 2
P(x;) = D(x;,Cy-1) _
Zj D(x;j,Ct-1)
28: Cy «— Ci—1 U{Cp}
29: // Final Assignment
30: for each node x; do
31: Cluster(x;) = arg mingec, Ilx; —cll2
32: end for
33 X, — C;

> Add self-loops

> Combine with learnable weights aj

> Eq. before clustering

>Eq. 6

results indicate that, although there is a slight efficiency improve-
ment, there is a significant performance drop due to inheriting
previous condensation results. To highlight the difference in speed,
we additionally implement an early stopping criterion with a pa-
tience of 3 for intermediate evaluation; that is, if no improvement
in validation performance is observed for 3 consecutive evaluations,
the condensation process is terminated.

E.5 Hyperparameters

Compared to existing work and benchmarks in GC, we perform
a moderate hyperparameter search on validation set, as detailed
in Section 5.1. The final results are presented in Table E.5. During

hyperparameter optimization (HPO), we observe that inheriting
clustering centroids results in an approximate 1% absolute perfor-
mance drop for Flickr and Ogbn-arxiv. Therefore, we also treat
the use of incremental k-means++ as a tunable hyperparameter.
Additionally, certain datasets do not perform well under a single
hyperparameter configuration. To address this, we employ two
distinct hyperparameter sets tuned on the first and last time step,
and select the better-performing one during the evolving. The two
sets of hyperparameters are represented split by "/". We do not tune
the hyperparameters for Ogbn-arxiv-real and simply copy it from
Ogbn-arxiv. For all baselines, we use the best hyperparameters
reported in their respective papers, as implemented in GC4NC [10].
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Table 6: General Dataset Information

Dataset # Total Nodes # Total Edges # Training # Validation # Test # Classes Trans./Ind.
Citeseer 3,327 4,732 120 500 1,000 6 Transductive
Cora 2,708 5,429 140 500 1,000 7 Transductive
Pubmed 19,717 88,648 60 500 1,000 3 Transductive
Flickr 89,250 899,756 44,625 22,312 22,313 7 Inductive
Ogbn-arxiv (-real) 169,343 1,166,243 90,941 29,799 48,603 40 Transductive
Ogbn-products 2,449,029 39,561,252 196,615 39,323 2,213,091 47 Transductive
Reddit 232,965 57,307,946 153,932 23,699 55,334 41 Inductive

Table 7: Training Set Splits of Ogbn-arxiv-real by Year Range
and Node Count

Split No. Year Range Number of Nodes

1 1971 - 2007 4,980
2 2008 - 2010 7,994
3 2011 - 2012 10,862
4 2013 - 2013 8,135
5 2014 - 2017 58,970

Table 8: Split and reduction rate information. The “# Train
Nodes” and “# Syn Nodes” columns denote the number of
newly added training nodes and synthetic nodes at each time
step, respectively.

Dataset # Train Nodes # Syn Nodes r (Train) r,, (Whole)
Citeseer 24 12 0.5 1.80
Cora 28 14 0.5 2.60
Pubmed 12 6 0.5 0.15
Flickr 8,920 90 0.01 1.00
Ogbn-arxiv (-real) 18,190 182 0.01 0.50
Ogbn-products 39,330 394 0.01 0.08
Reddit 30,790 31 0.001 0.10

Table E.5 reveals that the optimal hyperparameters offer mean-
ingful insights. First, during the early evolution stage, graphs ex-
hibit higher heterophily compared to later stages. For example,
on the Cora dataset, a; = —0.3 in the early phase contrasts with
a1 = 0.9 later. This pattern likely arises because, in the early stages
of a graph, groups have not yet formed; links appear more ran-
domly, making it challenging for nodes to find similar counter-
parts. Second, it is noteworthy that some datasets do not rely on
second-hop information. This observation is contrary to previous
studies [26, 36] that recommend using at least 2-hop propagation.
We conjecture that the representation clustering process itself acts
as an additional step of feature propagation. Finally, weight decay
emerges as a critical factor for the performance of downstream
models, suggesting that future work should pay closer attention to
its optimization.

F Additional Results

F.1 Performance and Efficiency

For simplicity, Table 2 omits the standard error and running time
of coreset selection methods. we provide the full results here.

Figure 2 presents the accuracy vs. time trade-off for Reddit. For
the remaining three large datasets, we provide the corresponding
results in Figure 7. The results align with our main findings, further
confirming that GECC surpasses the baselines in both efficiency
and scalability. It consistently maintains stable performance while
effectively managing computational resources throughout graph
evolution. Notably, on the large-scale Ogbn-products dataset, which
contains over one million nodes, most GC methods fail, whereas
GECC remains robust and continues to operate successfully.

F.2 Why We Choose the Depth=2 ?

We pick K = 2 based on findings from most deeper GNN papers.
Below is a snippet for Cora, Ogbn-arxiv, and Reddit, showing that
K = 2 performs best. We add the following sensitivity analysis.

F.3 Visualization of Traceability

Our t-SNE-based experiment color-codes original nodes by class
and links them to their centroid(s), revealing:

o Clear class-wise alignment: Synthetic nodes (cluster cen-
troids) align well with the clusters of original nodes, indi-
cating that GECC preserves the semantic structure of each
class during condensation.

e Compact cluster coverage: Each synthetic node is well-
embedded within the local neighborhood of its correspond-
ing class, highlighting that the condensed representations
accurately cover the original data distribution.

e Few synthetic outliers: Unlike many condensation ap-
proaches that generate scattered or poorly positioned cen-
troids, our method yields minimal outlier centroids, suggest-
ing robust and stable clustering even in high-dimensional
spaces.

o Scalability and consistency: Even in large-scale datasets,
our synthetic nodes remain representative and well-distributed,
showing the scalability of our clustering method without
sacrificing membership fidelity.

G Discussions
G.1 How the Theory Extend to Non-linear
GNNs?

While our theoretical analysis focuses on SGC, we believe local ap-
proximations could generalize our approach to non-linear models.
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Ogbn-arxiv: Test Accuracy vs. Time
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Figure 7: Test accuracy vs. condensation time on large datasets (top-left is better).
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Table 9: The test accuracy of GC methods on various datasets. "Non-Evolving" displays the test accuracy at the final time
step (largest possible graph). "Evolving" shows the average test accuracy over five time-steps. Each result includes the mean
accuracy + standard deviation (Std.) from 10 runs. The "Whole" column refers to the results obtained by running standard GCN
training and testing. "OOM" indicates an Out-of-Memory error during the computation. The best results are marked in bold.
The runner-up results are underlined.

Dataset Setting ‘ Random  Herding  Kcenter ‘ GCondX GCond GCDM SimGC GEOM GECC Whole
CiteSeer Non-Evolving | 62.62+0.63  66.66+0.54 59.04+0.90 | 68.38+0.45 69.35+0.82  72.08+0.19 66.40+0.15 73.03+0.31  73.25+0.15 72.11
Evolving 50.65+1.55 53.47+0.98 47.99+1.81 | 50.85+3.00 60.51+£0.86 61.51+0.53 57.42+0.21 58.95+0.67 65.48+0.76 63.57
Cora Non-Evolving | 72.24+0.59 73.77+0.93 70.55+1.35 | 78.60+0.31  80.54+0.67  80.68+0.27 79.60+0.11  82.82+0.17  82.99+0.27 81.23
Evolving 58.00+1.48 63.07+1.43 59.90+1.41 | 67.18+1.73  77.14+£0.55 74.54+£0.59 64.42+0.19 72.56+£0.88 77.36+0.41 76.34
Pubmed Non-Evolving | 71.84+0.66 75.53+0.44 74.00+0.19 | 71.97+0.53  76.46+0.48 77.48+0.46 76.80+0.23  78.49+0.24  80.24+0.27 78.65
Evolving 66.37+1.25 66.31+1.34 64.38+1.25 | 62.65+1.20 74.26+0.84 74.49+0.56 71.38+0.21 70.25%£0.78  76.74+0.27 76.18
Flickr Non-Evolving | 44.68+0.55 45.12+0.39 43.53+0.59 | 46.58+0.14 46.99+0.12 45.88+0.10 41.01+0.23  46.13+0.22  46.63+0.23 47.53
Evolving 44.70+£0.46 44.66+0.43 44.33+0.49 | 45.63+£0.78  45.52+0.49 44.98+0.34 41.94+0.22 45.43+0.39 45.78+0.38 46.97
Oebn-arxiv Non-Evolving | 60.19+0.52 57.70+0.24 58.66+0.36 | 59.93+0.54  64.23+£0.16  60.71+0.68 65.26+0.26 69.59+0.24  66.71+0.10 69.01
J Evolving 56.04+0.67 57.57+0.48 56.21+0.73 | 60.73+0.53  62.50+£0.36  59.98+0.48 64.97+£0.20 66.30+0.39  65.42+0.14 70.40
Osbn-products Non-Evolving | 60.19+0.52 57.70+0.24 58.66+0.36 OOM OOM OOM 61.71+0.25 OOM 66.32+0.23 73.40
£on°p Evolving 41.36+0.48 44.26+0.61 38.93+0.82 OOM OOM OOM 61.93+0.20 OOM 64.03+0.30 73.88
Reddit Non-Evolving | 55.73+0.50 59.34+0.70 48.28+0.73 | 88.25+0.30  89.82+0.10  89.96+0.05 90.78+0.25 91.33+0.13  91.37+0.04 93.70
Evolving 51.31+0.90 48.94+0.70 48.53+1.37 | 79.02+0.73  87.93+0.22  82.68+0.21 89.85+0.25 67.91+£0.57  90.02+0.07 93.92

Table 10: Average Runtime (seconds) Across Evolving Times. The reported reduction time is rigorously computed by excluding
the overhead of the data loading and evaluation processes.

Dataset Random Herding KCenter ‘ GCondX GCond GCDM SimGC GEOM GECC ‘ Whole
Citeseer 0.04 5.73 5.84 505.62 654.32 217.99 1,680.02  1,362.40 1.65 3.98
Cora 0.01 4.20 4.80 331.53 1,190.65 142.82 1,643.76  1,331.43 1.72 2.10
Pubmed 0.02 9.00 7.18 246.68 502.12 311.37 1,654.23 995.21 1.42 5.76
Flickr 0.02 11.53 10.56 609.98 1,446.76  353.51 7,486.65 757.75 7.10 8.57
Ogbn-arxiv 0.02 14.36 14.05 2,895.06 6,076.18  686.12 2,687.45 1,685.18 9.96 12.45
Ogbn-products 0.02 517.95 513.36 OOM OOM OOM 71,489.00 OOM 146.82 542.61
Reddit 0.02 24.40 24.84 2,672.85  6,130.46  337.15 6,610.70  1,815.77 4.91 11.50

Table 11: Optimal hyperparameter settings for each dataset. The columns indicate whether incremental k-means++ ("If Incre.")
and dual HPO ("If Dual HPO") were used (True/False), along with the best values for the fuzziness parameter, number of

repetitions, the « coefficients, and weight decay ("wd").

Dataset If Incre. If Dual HPO Fuzziness # Rep. o1 a9 oo wd
Citeseer True True 1.1/1.3 50 0.5/0.1 0.9 -0.3/-0.1 1e-3
Cora True True 1.3 50 0.9/-0.3 0.9 -0.1/0 5e-4
Pubmed True False 1.1 50 0.3 0.9 -0.2 5e-4
Flickr False False 1 1 0 0.6 0.3 le-3
Ogbn-arxiv (-real) ~ False False 0.5 0 0.6 le-3
Ogbn-products True False 0.1 0 0.9 le-3
Reddit True False 0.2 0.9 0.7 5e-4

However, non-linearities introduce complexities like non-convex

optimization and intricate layer interactions, making closed-form
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Figure 8: T-SNE results of the GECC synthetic node embeddings and original node embeddings across different classes.

Table 12: Sensitivity Analysis of GECC Performance by Fea-
ture Propagation Depth. The best-performing depth for each
dataset is highlighted in bold.

Dataset Feature Propagation Depth
0 1 2 3 4 5
Cora 19.24 78.13 82.99 82.15 81.80 8141

Ogbn-arxiv 63.64 66.60 66.71 66.13 66.24 66.29
Reddit 90.44 90.44 91.37 9135 91.28 91.14

guarantees difficult. Many prior works [9, 18] similarly rely on lin-
ear or quasi-linear assumptions. We aim to broaden our framework
to fully accommodate non-linear GNNs in future work.

G.2 Clarification of Our Evolving Setting
Compared to Incremental Learning

Both our work and incremental learning work such as OpenGC [8]
address evolving datasets, yet the settings differ in important ways.
Specifically, our paper focuses on batch-wise evolution, where the
training set is expanded or updated in batches from the same
data source. By contrast, OpenGC deals with a task-wise evolution
scenario and is centered on out-of-distribution issues.

G.3 When to Use Hard or Soft Clustering in
GECC?

Hard clustering is faster (each node has a single cluster) and suits
large datasets or real-time scenarios. Soft clustering allows frac-
tional memberships but is more costly. As more efficient soft cluster-
ing emerges, it may become viable for large graphs and potentially
improve GECC.
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